A longstanding research tradition assumes that endogenous technological development increases regional productivity. It has been assumed that measures of regional patenting activity or human capital are an adequate way to capture the endogenous creation of new ideas that result in productivity improvements. This process has been conceived as occurring in two stages. First, an invention or innovation is generated, and then it is developed and commercialized to create benefits for the individual or firm owning the idea. Typically these steps are combined into a single model of the "invention in/productivity out" variety. Using data on Gross Metropolitan Product per worker and on inventors, educational attainment, and creative workers (together with other important socioeconomic controls), we unpack the model back to the two-step process and use a SEM modeling framework to investigate the relationships among inventive activity and potential inventors, regional technology levels, and regional productivity outcomes. Our results show almost no significant direct relationship between invention and productivity, except through technology. Clearly, the simplification of the "invention in/productivity out" model does not hold, which supports other work that questions the use of patents and patenting related measures as meaningful innovation inputs to processes that generate regional productivity and productivity gains. We also find that the most effective measure of regional inventive capacity, in terms of its effect on technology, productivity, and productivity growth is the share of the workforce engaged in creative activities.
Introduction
The claim that knowledge creation and knowledge spillovers are the twin engines of economic growth has become something of a truism within the economics profession (Romer, 1986; Lucas, 1988) . Rather obviously, the principal economic agents responsible for the generation, recombination and transmission of ideas (that is, knowledge) are individuals. The nonrivalry of ideas, a crucial tenet of the endogenous growth literature, implies that the greater the number of individuals effectively engaged in the creation and sharing of ideas, the greater the production of ideas. Jones and Romer's (2010) recent review of our current understanding of the sources of economic growth highlights the virtuous cycle between increasing the number of individuals engaged in the generation of ideas and economic growth. Lucas (1988) explicitly identified the role of human capital-the stock of competences, information, skills and experiences embodied in individuals-in knowledge creation. Building on Romer's work, and that of Jacobs (1969) , Lucas drew attention to the positive externality effects of human capital clustering and the role of cities as centers for the integration of human capital and incubators of invention. A wide range of empirical studies have since documented the role of human capital in fostering economic growth at the national, regional and urban levels (see, for example, Barro, 1991 , Mankiw et al., 1992 , Rauch, 1993 Glaeser and Saiz, 2003) .
Yet, despite the enormous explanatory role which human capital is asked to play, and the multidimensional nature of the phenomenon it is expected to represent, the common approach for measuring it, dating from Mincer's and Becker's work (Mincer, 1958; Becker, 1964) , is simply educational attainment-usually measured as the share of a population with a bachelor's degree and above). The difficulties of equating human capital with educational attainment, principally the problems posed by differences in the quality of the education received by individuals and the differences in the economic relevance among types of schooling, have been amply treated (see, for example, Mulligan and Sala-i-Martin, 2000) . Furthermore, educational attainment (years of schooling) does not fully capture an individual's accumulated experience, nor their creativity, innovativeness and entrepreneurial capabilities. One line of research (Florida, 2002) suggests an alternative, or at the very least complementary, measure of human capital, based on occupational skills, specifically a set of knowledge-intensive occupations that make up the "creative class." A crucial difference between educational attainment and occupation-based measurements of human capital is that educational attainment is a measure of the supply of talent, while creative employment measures the demand for it: in order to be a member of the creative class, someone needs to be willing to pay for the talent and this is not a necessary condition for education-based human capital.
A different measure of human capital is implicit in the voluminous literature on patenting. One type of intellectual activity with important consequences for technological and economic development is invention-the creation of new artifacts, methods, processes and materialsand one type of invention, that which results in the granting of a patent, has become a widely used metric for studying the "knowledge economy" (see, for example, Mansfield, 1986; Griliches, 1990; Trajtenberg, 1990; Jaffe et al., 1993; Trajtenberg et al., 1997; Acs et al., 2002; Marx et al., 2009 ). Yet, there has been surprisingly little work on the effects of patenting activity on the productivity of urban economies. 1 A few papers, using international data, report that patenting output is associated with productivity increases but the statistical evidence is weak; a recent assessment of patenting in the USA does find that inventive activity, as proxied through patenting activity, is a positive determinant of metropolitan productivity growth (see Rothwell et al., 2013 , for a review of the relevant literature and an examination of patenting role's in US urban productivity).
A salient characteristic of patenting activity in the USA is that it has been an urban phenomenon (Sokoloff, 1988) , and remains so today with approximately 93 per cent of all patents granted by the US Patent Office authored by inventors residing in metropolitan areas. Patent analysis has therefore become a well-established framework for investigating locational and spatial aspects of technological advance with much effort having been devoted elucidating the determinants of urban patenting productivity (see, for example, Acs et al., 2002; Bettencourt et al., 2007; Carlino et al., 2007; Lobo and Strumsky, 2008) . Patents are generated by inventors-to study locationally specific invention is therefore to study the agglomeration of inventors.
Educated, creative or inventive individuals: who are more likely to engender the sort of idea generation fueling economic prosperity? The difficulties in empirically differentiating their effects are obvious and seem rather daunting: inventive and creative individuals are most likely to be highly educated individuals, while on the other many who are employed in creative occupations are likely to be working in industries in which patenting is important (and encouraged); however, patenting is irrelevant to many other economically significant creative activities. To try and disentangle these issues, we present a stage-based general model of regional productivity. In the first stage, we examine how various alternatives for measuring regional innovative individuals affect regional technological outcomes. In the second stage, we look at how both innovative individuals and regional technology impact productivity levels and growth. This stage-based model structure enables us to parse the direct and indirect effects of key variables on each other as well as on regional productivity development. Furthermore, our model is based on a strong a priori theory of the relationships between and among key variables as they shape regional productivity. Specifically, we use structural equations and path analysis models to examine the independent effects of inventors (i.e., authors of patents), human capital, the creative class, technology diversity and concentration, and other factors identified in the literature on both regional productivity levels (regional GDP per capita) and productivity growth. We examine these issues via multiple cross-sectional analyses of 361 metropolitan regions in the USA, and explicitly control for the effects of regional size. The staged model more accurately reflects the underlying situation.
The discussion is organized as follows. The next section derives a measure for metropolitan total factor productivity (TFP) starting from a Cobb-Douglass production function for urban economies. The data and variables used in the statistical modeling are described in the third section, while Section 4 presents the structural equation model (SEM) regression results, which constitute the core of our findings. Section 5 concludes. Anticipating our main result we find that once industry structure is controlled for, measures of human capital do not have a discernible relationship with metropolitan productivity; however, the distribution of human capital is associated with industry structure (composition) which is related to productivity.
Metropolitan TFP
We begin with a variation of the "growth accounting exercise" (Solow, 1956; Abel et al., 2011) . We treat the metropolitan areas of the USA as open economies among which capital and labor can move freely. We assume further that the generation of metropolitan output can be modeled by a Cobb-Douglass production function so that output (Y) is given by:
where A is Hicks-neutral technology (often referred to as "total factor productivity" or "TFP"), K is physical capital, L is the amount of labor available in a metropolitan area, a is an economy-wide production parameter, and i and t are index place and time, respectively. The choice of a Cobb -Douglas production function, with the concomitant assumption of constant returns to scale to the rival factors of production, is justified by the fact that the ratio of metropolitan labor income to metropolitan total income (1 2 a) has remained about 0.7 for all metropolitan areas in the USA over the past 40 years for which data are available. Data on metropolitan stocks of physical capital are not readily available; so we derive the rental price of capital using the derived capital-demand function to substitute the factor price for the factor quantity. Solving Equation 1 for the marginal product of capital in a metropolitan area, and equating it to the rental price of capital, gives:
Substituting (1) into (2) yields the following expression for r:
from which the following capital-demand function can be obtained:
Equation 4 can then be used to substitute for the amount of physical capital in the production function (1):
Solving Equation 5 for Y results in Equation 6, a production function in which metropolitan output is the result of location-specific technology and labor, multiplied by a constant term (f) consisting of capital's share of output and the rental price of capital:
Assuming free mobility of capital allows us to assume, not to heroically, that the rental price of capital is basically the same everywhere; the a=r i;t À Á can thus be treated as a constant. An expression for output per worker is then given by:
From Equation 7 we can therefore conclude that metropolitan TFP is approximated by output per worker.
We hypothesize that metropolitan TFP is a simple multiplicative function of locationspecific socioeconomic and demographic characteristics:
where j indexes the variables representing the determinants of metropolitan productivity. We are particularly interested in elucidating the effects of different types of human capital on metropolitan output per worker.
Metropolitan Variables
Our spatial units of analysis are the 361 Metropolitan Statistical Areas (MSAs) of the USA. MSAs, which are defined by the US Office of Management and Budget, are standardized county-based areas having at least one urbanized area (with 50,000 or more population) plus adjacent territory with a high degree of social and economic integration with the core as measured by commuting ties. Metropolitan areas are in effect unified labor markets. The Inventive, the Educated and the Creative 159
Dependent Variables
For measuring metropolitan productivity (i.e., output per worker), we avail ourselves of the data on Gross Metropolitan Product (GMP) provided by the Commerce Department's Bureau of Economic analysis (BEA). GMP is the metropolitan counterpart to national Gross Domestic Product (GDP), and it is a comprehensive measure of the value of the goods and services produced within metropolitan areas. Real GMP is reported using chained-weighted 2005 dollars. Dividing GMP by metropolitan total employment (defined by the BEA as encompassing the number of full-and part-time jobs) we get a measure of metropolitan output per worker: Gross Metropolitan Product per worker (GMPpw). We utilize two temporal variants of GMPpw as dependent variable: a level measure, averaged over 2007-2009, and a change measure between 2001-2003 and 2007-2009. ( Table 1 illustrates the descriptive statistics for all variables.)
Independent Variables
Our analytical purpose is to elucidate whether three distinct ways of measuring the presence in metropolitan areas of skilled individuals-through the proportion of the workforce who are engaged in invention, have a college education or are engaged in creative employment-are statistically distinguishable with regard to their effects on the productivity of urban areas. We first describe the three principal independent variables.
Inventors per worker. We use data on patents granted by the United States Patent and Trademark Office (USPTO) as a measure of inventive activity. A patent is an intellectual property right granted by the US Government to an inventor; it excludes others from making, using, offering for sale or selling the invention throughout the USA, or importing the invention into the USA, for a limited time (generally 20 years from the filing date) in exchange for public disclosure of the invention when the patent is granted. (This right was established over 200 years ago in Article 1, Section 8 of the US Constitution.) The statutory definition of a patentable invention-as stated in Sections 101 -103 of Title 35 of the US Code-is that it be novel, non-obvious (to others skilled in the same field) and useful. The granting of a patent therefore heralds the arrival of a new process, method, machine, manufacture of composition of matter (the categories of inventions eligible for the protection of a US patent). The USPTO grants three types of patents: utility patents-also referred to as "a patents for invention"-are issued for the invention of "new and useful" processes, machines, artifacts or compositions of matter (this type represents over 90 per cent of all patents); design patents, which are granted for the ornamental design of a functional item and plant patents, which are conferred for new varieties of plants or seeds. (The measure of metropolitan invention used here covers all three.) Although most patents have been granted to inventions involving machines or the transformation of one physical substance into another, business methods, computer programs and mathematical algorithms can also be patented. Note that patenting has never been restricted to devices. 2 A few cautionary remarks about using patents count data to capture innovative activity are in order. First, not all inventions are patented or patentable. Second, inventions and innovations are closely related phenomena but are not synonymous (we see innovation as involving the implementation of a new method or process, whereas invention refers more directly to the creation of novelty). Consider the case of Wal-Mart, one of the most innovative, and operationally speaking, influential, firms in the USA: it does not own a single patent. Third, patented inventions vary enormously in their technological and economic importance and simple patent counts are seriously insufficient in capturing this underlying heterogeneity. We therefore treat patent counts as an indicator of one of several possible outputs of a regional inventive process.
Every granted patent lists the inventors' names and hometowns; patents do not, however, provide consistent inventor names for the authors, and matching procedures were used to uniquely identify inventors across time and locations (the matching procedures are discussed in Marx et al., 2009) . By identifying individual inventors and their place of residence at the time the application for the patent was filed, each patent and inventor is assigned to a metropolitan area. (We restrict our analysis to patents with at least one author who is a US resident.) For purposes of calculating metropolitan patent counts, a patent with multiple authors is proportionally allocated to each of the distinct locations in which the authors reside (if all authors reside in the same MSA, that location gets its patent count increased by just one). We follow the now standard convention of counting patents by the application year so as to measure inventive activity as close as possible to the moment of invention. Metropolitan inventors per worker is defined as the total number of metropolitan-based inventors, in a given application year, divided by the MSA's total employment in that given year. The variable inventors are measured per 10,000 workers. 3
Educational attainment measures the presence of skilled individuals as the percentage of metropolitan adult (25 and older; only working age is also considered) workers with a bachelor's degree or higher-thereby implicitly equating possessing high-skill levels with a college education. The data are for 2001 and are from the US Census.
Creative employment. Creative employment is measured as the share of the labor force whose work tasks include complex problem-solving. Included are occupations such as computer and math; architecture and engineering; life, physical and social science; education, training and library positions; arts and design work; and entertainment, sports and media occupations-as well as other "creative professionals," akin to classical knowledge workers, including management occupations, business and financial operations, legal positions, health-care practitioners, technical occupations, and high-end sales and sales management. The definition is based on Florida (2002) and due to data restrictions the variable is for the year 2005, that is, for a later time period than the other explanatory variables. However, regional occupational structure can be considered a relatively slow variable; in other words, we do not expect it to change rapidly. 4 The creative-class definition has been criticized for a number of reasons. Markusen (2004) argues that "creative class" is defined too broadly, combining drastically different people with different preferences, which in turn makes it impossible to address them with the same set of policies. Glaeser (2004) argues that the "creative class" is nothing but a proxy for the standard, education-based, human capital measure. One of the most thorough (and cited) tests that has been conducted of the creative class was done by McGranahan and Wojan (2007) . Based on skills data, they suggest that education and health occupations should be removed from the creative-class definition. For our investigation, we used both the original creative-class definition and the definition proposed by McGranahan and Wojan, and we note differences in the results induced by which definition is used when constructing creative-class measurements. 5 The econometric estimations also include other variables meant to control for salient socioeconomic features of metropolitan areas that can influence the productivity-enhancing effects of human capital. We control for agglomeration economies, market size and industry structure by means of the following variables.
Population. Among the many possible determinants of location-specific productivity, agglomeration economies have been among the most extensively studied (see, for example, Shefer, 1973; Sveikauskas, 1975; Bettencourt et al., 2007; Puga, 2010) . Population size also serves to measure the size of an urban area's market.
Population density. The opportunities for both coordinated and serendipitous information flows are considered greater in denser areas (Ullman, 1958; Carlino et al., 2007) . Our estimations included two measurements for metropolitan population density: the first divides total population by the total area represented by an MSA's constituent counties and the second is a weighted-measure, in which the contribution of a county's area is weighted by its share of total population.
Establishments per worker. The total number of establishments (i.e., workplaces) per worker in an MSA is used as a measure of market structure, i.e., an MSA is taken as locally competitive if it has more firms per worker.
Large firms share. Since large firms tend to spend proportionately more on private R&D than do smaller firms, the percentage of an MSA's firms with 1,000 or more employees is included to capture the effects of large firms on patenting activity.
High-tech concentration. We include a technology variable to account for the effects of technology on regional productivity. This technology variable is based on the "Tech-Pole Index" 4 A year-to-year correlation analysis for the same creative employment variable for the year 2006 -2009 illustrates the slow change over time, with correlations of approximately 0.8 -0.95 (Stolarick and Currid-Halkett, 2013) . 5 In addition to running an analysis with the creative class based on the Richard Florida definition and with the McGranahan and Wojan definition, we also ran all regressions using two additional human capital variables: one for the age group 25-44, and one for age group 25-64, which we believe would be an even more interesting group to examine, since they account for the labor force but exclude retirees. Overall, these alternative specifications lead to only minor changes in the results (which are available from the authors upon request). published by the Milken Institute (DeVol et al., 2001) . This index is based on: (1) high-tech industrial output as a percentage of total USA and (2) the percentage of the region's total economic output from high-tech industries compared to the nationwide percentage. The numbers are updated using the US Census County Business Patterns and are from 2006.
Technology diversity. The Patent Office classifies the technologies constituting a patented invention using a classification scheme of 481 technological classes; for example, class 437 (Semiconductor Device Manufacturing: Process) and class 977 (Nanotechnology). 6 To control for the technological heterogeneity and diversity within each metropolitan inventive community, we calculated a Technology Herfindahl index for an area's patent applications using the US Patent Office's technology classes. In the analysis, we employ the inverse of the Hirfindahl index, which implies that higher values mean more diversity.
Before turning our attention to the regression results, we present and discuss the correlations among the various metropolitan variables in an attempt to tease out the bivariate relations among them. Since we expect to find an increase in productivity as market From Table 2 , we see that, as expected, GMPpw tends to be higher in regions with higher levels of population (0.602). However, we find no significant relation between %DGMPpw change and population; in other words, productivity levels have not increased faster in bigger regions. We find a positive and significant relation with high-tech concentration and GMPpw (0.641), which also stays significant in the partial correlations (0.248), but is insignificant to changes in GMPpw. Technology diversity is also significantly related to GMPpw, and higher levels of diversity imply higher levels of GMPpw (0.414). The relation becomes insignificant in the partial correlations and is not significantly related to changes in GMPpw.
The correlation between patenting (inventors per worker) and GMPpw is positive and significant at 0.320. There is also a positive, but slightly weaker, relationship between inventors and productivity change (0.214 vs. 0.102). These relations also hold when we control for population size in the partial correlations, but become somewhat weaker.
We find a similar pattern for educational attainment as we do for inventors. Metropolitan areas with higher shares of human capital also have higher levels of productivity (0.321), and have seen a larger increase in productivity over the last decade (0.137). These relations also hold, once regional size in terms of population is controlled for in partial correlations. Creative employees generate a similar result, with positive and significant relations to GMPpw (0.396) and change in GMPpw (0.224), and are somewhat more strongly related to GMPpw and %DGMPpw than both inventors and educated. The relation between creative employees and productivity also stays significant in the partial correlations.
We find that the variables measuring population density, industry structure, share of larger firms and employees per establishment are positively correlated with metropolitan productivity. However, they are not significantly correlated with the percent change in output per worker. Furthermore, the positive relations among these variables and productivity become insignificant once population size is controlled for. In other words, productivity increases due to density and industry establishment size effects may well be a proxy for bigger market places. Generally speaking, we find a positive and significant relation between inventors, educated and creatives, and regional productivity, both in absolute terms and in terms of changes over time, but also significant market size effects.
Regression Results
We ran estimations using the inventors, educated and creatives measures, individually and also with all three in combination, since they are overlapping, but not identical proxies for regional talent levels. 7 We subsequently used SEM to examine alternative structural relationships between inventors, educated and creatives in relation to metropolitan productivity while taking industry (i.e., economy) structures into account.
Utilizing data on GMP does impose a significant constraint on the analysis' temporal coverage as the data are only reported for the 2001-2009 period. Due to data constraints, we estimate this as cross-section, and not a panel over time. To decrease endogeneity problems, we will use lagged explanatory variables (averages for 2001-2003) to explain our dependent variable GMPpw (average for 2007-2009) and change in GMPpw (change between the per worker average in 2001-2003 and the average in 2007-2009 ). While our models will assume a one-way causality, we admit that in the long run, one can expect feedback loops in such a structure, creating both selection and sorting issues.
SEM can be thought of as an extension of regression analysis, expressing the interrelationship among variables through a set of linear relationships, based upon their variances and covariances (for further technical description, see Jö reskog, 1978; Kline, 2010) . The parameters of the equations are estimated by the maximum likelihood method. We graph our assumed relations in Figure 1 . SEM is commonly used when one or several included variables are latent. It is not a necessary condition however to include latent variables in order to use SEM. In our analysis, all included variables are observable. The causality specified in the figure is completely based on theoretical assumptions, since SEM expresses direct and indirect correlations, and not actual causalities. In other words, the parameters we estimate provide information about the relations among the set of variables. The relative importance of the regression coefficients is expressed by standardized path coefficients, while the unstandardized path coefficients are expressed as elasticities (when only logged variables are employed).
We estimated the following versions of Equation 8, estimating both indirect effects (Equations 9 and 10) as well as direct effects (Equations 11 and 12) for the three measures of human capital, together with market size and industry structures, in order to explain GMP per worker and change in GMP per worker: the first two sequences determine industry 
In the third and last sequence, explanatory and dependent variables from Equations 9 and 10 will all be used as explanatory variables in order to explain first GMP per worker and second change in GMP per worker, and thereby take into account both indirect and direct effects; 
While we include many of the variables normally employed in estimating productivity, there may be a problem with omitted variables, e.g., in this case due to the fact that we leave out physical capital, which we would assume to be related to regional productivity and at the same time correlated with industry structures. However, there is always a balance between the risk of omitted variables, and the inclusion of variables that would lead to multicollinearity problems in any model. SEM can be sensitive to omitted variables, since omitted variables normally are captured by the error term, and in structural equation estimations the "residual parameterization afforded by the SEM software can mask the limitations of a rather incomplete model" (Tomarken and Waller, 2005: 49) . Models can be well fitted despite the fact that important variables are omitted.
Once more, we stress that SEM does not prove causality, but what is defined as direct and indirect effects is only based on the model assumptions, which in turn are based on theoretical assumptions. Neither is it possible to account for feedback loops in the modeling context.
Structural Equation Modeling
We begin with the findings from the GMP per worker regressions. Table 3 illustrates the results for all three regressions, taking both unstandardized and standardized coefficients into account. (We also reran all regressions including patent citations per worker alongside patent applications. The variable turned out insignificant in all versions of the model.) Furthermore, we will employ the "Combined" model as our baseline model, in other words, where we include all three labor variables (inventors, educated and creatives). However, we will also run one SEM where they are employed one at a time, to be able to compare the results, and avoid that the results are driven by multicollinearity problems. We anticipated a certain level of multicollinearity between our independent variables. When the regressions were run in OLS format, the Variance Inflation Factors (VIF) ranged from 1.8 to 5.4, with the (2007), even VIF values are above 10 or more; this does not automatically discount the results of a regression analysis or call for an elimination of one or several variables in a model. Still, we include a correlation matrix in Appendix that includes all variables presented in the correlation matrix in Table 2 . The first regression in the "Combined model" for tech diversity, the strongest explanatory variable, is population, with a standardized coefficient of 0.601. This is followed by inventors (0.382) and educated (0.157). All three variables significantly add to increased technology diversity, and together they explain approximately 60 per cent of the variation. However, creatives are insignificant in relation to tech diversity in the combined model. For robustness checks, we also used educated aged 25-44 and educated 25-64. In the educated regression, we then found a significant result at the 5 per cent level between educated and GMP per worker for the age group 25-44. Otherwise, the results remained very similar. We also excluded educational and health occupations from the creatives variable. This generated a significant relation between creatives and GMP per worker, both in the creatives and in the combined regression.
The regression for tech concentration shows a similar pattern. Once more, population is the strongest variable, with a standardized coefficient of 0.734. But still, educated (0.287), creatives (0.178) and inventors (0.109) add to the explanatory power, all significant at the 1 per cent level. The regression generates a squared multiple correlation of approximately 0.767, suggesting that close to 80 per cent of the variation is explained by the included explanatory variables. It is worth noting that educated are relatively stronger than inventors, in the tech concentration regression, while the opposite is true in the tech diversity regression. Creatives are, in other words, only significantly related to tech concentration, and not tech diversity.
In the final GMP per worker regression, population still plays a strong and significant role, as expected. The standardized coefficient is 0.453, which is the relatively strongest. Tech concentration is also strong and significant, with a standardized coefficient of 0.275. This indicates that bigger markets with higher levels of high-tech concentration are more productive in general. Somewhat interestingly, we find a negative and significant relation from tech diversity and productivity, indicating that more diversity generates lower levels of productivity. This would imply that scale alone is a productivity enhancer, while diversity is not, in this context. The regression generates a squared multiple correlation of 0.369. Neither inventors, educated nor creatives have a significant relation with productivity levels, once technology structures and market size are taken into account. However, as the model structure suggests, they still play a crucial indirect role by its affect on the distribution of technology structures.
When we compare the combined model with the regressions where our three different labor variables are employed one at a time, we note that inventors tend to provide the strongest explanatory power for technology diversity of the three, with a generated squared multiple correlation of 0.645 compared to 0.582 for educated and 0.515 for creatives. On the other hand, educated provide a stronger explanatory power in relation to technology concentration (0.795), compared to creatives (0.754) and inventors (0.754). In terms of direct effects on GMP per worker, only inventors remain significant (and then only at the 10 per cent level), while neither educated nor creatives remain significant, when employed one at a time.
Next, we turn our attention to the change in GMP per worker over time regression results. We keep the same initial structures with tech diversity and tech concentration, but substitute GMP per worker with the change in GMP per worker. Once more, we will employ the "Combined" model as our baseline model, where all three labor variables (inventors, educated and creatives) are included. Again, we will run SEMs where they are employed one at a time, to be able to compare the results, and be able to detect multicollinearity problems. Table 4 illustrates the results for all three regression steps.
The first two regressions in the "combined model" (tech diversity and tech concentration) generate similar results as in Table 4 , as expected. Population is still highly related to tech diversity (0.601), followed by inventors (0.383) and educated (0.156). Creatives are insignificant in relation to tech diversity. Tech concentration is still highly determined by population (0.725), followed by educated (0.289), creatives (0.181) and inventors (0.118). The third regression in the structure now has change in GMP per worker, in other words productivity growth. Interesting enough, population is now negative and significant (2 0.343), indicating that bigger places have experienced lower levels of productivity increases. Neither is market size the strongest among the explanatory variables any longer. This is instead tech concentration with a standardized coefficient of 0.460. This indicates that smaller regions but with high-tech concentration are regions with the strongest productivity increase. For robustness checks, we also used educated aged 25 -44 and educated 25 -64. For the educated regression, the results remained very similar. We also excluded educational and health occupations from the creatives variable. In this case, the creative variable looses its significance in relation to GMP per worker change, both in the creatives and in the combined regression. We also find a negative and significant relation between change in GMP per worker and tech diversity, which implies that tech diversity has a negative impact on change in GMP per worker. Contrary to the results for GMP per worker in absolute terms, both inventors and creatives have a direct, positive and significant relation to change in GMP per worker. In other words, they have both an indirect effect via tech concentration, and direct in relation to change in GMP. Educated, however, have a negative and significant direct effect on change in GMP per worker. When inventors, educated and creatives are used one at a time, the results of the first two equations will remain unchanged (given that they in principle are identical with the first two regressions in Table 4 ). When we examine the direct effects from the three on change in GMP per worker, the results are much in line with when they are combined. Inventors tend to explain relatively more and remain significant at the 1 per cent level in the change in GMP per capita regression. Similarly, creatives are significant in the direct relation regression, while educated, which were negative and significant in the combined model, now are insignificant. There is reason to believe that the negative sign for educated in relation to change in GMP is a multicollinearity effect. However, when the variable is used alone, it is still weaker in relation to change in GMP per worker than inventors and creatives. To capture the different effects from inventors, educated and creatives, we summarize the results in Tables 3 and 4 by isolating the indirect, direct and total effects for these variables in relation to GMP per worker and change in GMP per worker, based on the regression results (Table 5 ).
The unstandardized effects (left side of Table 5 ) illustrate the elasticities in relation to GMP per worker. For the combined model, a 1 per cent increase in inventors implies a 20.7 per cent indirect and a 1.4 per cent direct change in GMP per worker. A 1 per cent increase in educated implies a 2.8 per cent indirect increase and a 3.9 per cent direct increase in GMP per worker, and a 1 per cent increase in creative generates a 5 per cent indirect and a 3.8 per cent direct increase in GMP per worker. If we look at the standardized coefficients (right side of Table 5 ), which no longer can be interpreted as elasticities, we see that educated and creatives are relatively stronger than the inventors variables, with total effects of 0.117 and 0.094. Educated have stronger direct effects on GMP per worker (0.068 vs. 0.041), while creatives are relatively stronger in terms of indirect effects (0.053 vs. 0.049).
When inventors, educated and creatives are employed one at a time, the coefficient values (both unstandardized and standardized) will be slightly increased, given that no other qualified labor control variable is used. Still, we find that the relative strength of the variables still holds and is robust in relation to the combined model. Educated are still strongest in relation to GMP per worker (0.169), followed by creatives (0.157) and inventors (0.133). For the combined model, we notice a weak indirect effect, but a strong direct effect from inventors on change in GMP per worker. Educated have an opposite relation, where the indirect effect is relatively stronger. For creatives, the direct effect is stronger than the indirect effect, and both effects are positive. From the standardized results, we see that creatives, followed by inventors, have the strongest total effect on change in GMP per worker. In total, educated have a negative total effect on change in GMP per worker, even though the indirect effect is the strongest among all four variables. Inventors have the strongest direct effect, followed by creatives.
Once more, we find robust and consistent results, when we instead employ inventors, educated and creatives one at a time. Due to lack of control variables, the coefficient values become higher compared to the combined model, but the relative strength still holds between the variables. Creatives are the strongest variable in relation to change in GMP per worker (0.265) followed by inventors (0.231), but clearly inventors have a relatively stronger direct effect (0.193). Educated have the strongest indirect effect (0.222), but are the weakest in terms of indirect effects, and therefore also the weakest in terms of total effects. Overall, all three-inventors, educated and creatives-play significant roles in order to explain both GMP per capita and change in GMP per capita, but they do so in different, mainly indirect, ways. Industry structures on the other hand have far stronger direct effects on regional productivity and change in productivity.
Discussion
We have investigated the regional relationship between innovation and productivity in a way that more closely approximates the actual situation: inventive people generate ideas that may improve regional technology outcomes which in turn help to generate beneficial productivity outcomes. Our chosen modeling framework is advantageous for reasons other than closer correspondence to actuality. First, it more clearly identifies the relationships among innovative individuals, regional technology and productivity. Second, it allows for a comparison of various measures of innovators. Third, it emphasizes the importance of individuals to the innovative process that allows for recognition that the impact of innovation on productivity need not necessarily be endogenous. While some innovation accrues locally, some is mobile. Often, an invention can occur in one location, while the development and commercialization that created productivity benefits accumulate in a different location. The results clearly show that some inventive activity does accrue locally, but the variation in the results and importance of innovation to technology outcomes reveals that the mobility of innovation is also an important consideration-something that is not allowed for when a more standard linear model is used to evaluate these relationships.
Both productivity levels and productivity growth outcomes were considered. Clearly, regional technology, diversity and high-tech concentration have significant relationships with productivity outcomes. Concentration had a positive relationship, while diversity was generally negative and significant to productivity. Economies of scale are more important to regional productivity outcomes than industrial diversity. Regional population is a significant factor and was found to be positively and significantly related to productivity levels and negatively and significantly related to productivity growth.
Taken together, the results presented here tell two different stories. The first is a story about places that have high levels of productivity. The second one is about places that have experienced significant changes in their productivity levels. Each story makes a contribution to understanding the policy implications of these results. The first explanatory narrative is about how metropolitan areas with higher levels of productivity are more likely to also have higher levels of educated and creative individuals, but not necessarily high levels of inventive labor. The higher shares of educated and creative individuals are in turn most strongly associated with higher levels of technology concentration and diversity. Essentially, places with higher concentrations of technology, with higher levels of educated and creative individuals, and with lower levels of diversity have higher productivity levels. In regions with high productivity, new invention is not beneficial (and perhaps not necessary); educated and creative individuals improve the application and use of the technology in the region that is associated with the higher productivity.
The second story has to do with changes in the level of regional productivity. In this case, creative and inventive individuals have a greater positive impact, while an abundance of educated individuals has a negligible, or even negative, effect. Conversely, places with fewer creative or inventive individuals are likely to see productivity decreases. However, unlike with productivity levels, creative and inventive individuals have both a direct relationship with productivity change and an indirect relationship via technology concentration. So, while regions with higher productivity levels are those that effectively implement ideas that may have been invented elsewhere, regions with greater change in productivity have more local creative and inventive people.
The results presented here suggest some policy implications which question the pursuit of higher levels of productivity and wages only through augmenting the invention process (patenting) as opposed to improving the efficiency and effectiveness of previously invented (perhaps elsewhere) technologies through an increase in the size of the creative and educated labor force. However, these results do support the argument that patenting and other knowledge-producing activities may be synergistic, and one does not necessarily exclude the other. The very nature of ideas, technology and patents should make one cautious about the efficacy of patenting as a sole policy goal or instrument. Patented inventions consist of distinct technologies brought together to achieve a specific goal (Strumsky et al., 2012) . Technologies in turn are ideas about how to manipulate matter or energy (Romer, 2010) . The defining characteristic of ideas, from an economic standpoint, is nonrivalry: their use by someone does not preclude their use by someone else. Nonrivalry entails that ideas can easily flow across space and time. Although patents confer excludability for a limited period (that is, for a specific period some uses of the invention are not permitted without the permission of the patent's owner), this does not negate the nonrivalry. Patenting and commercialization of patented inventions can therefore be, and often are, processes that are spatially de-linked.
In summary, while invention and creativity can lead to increased productivity, it is education and creativity that are associated with higher levels of productivity. The creative or inventive process can generate new technologies or ideas that can create local benefits, but greater benefits result from focusing and improving on the technologies and ideas already implemented within the region. Our results are not without their limitations. The measures used in our analysis may have other alternatives, for example, using skills as a proxy for creativity or analyzing separate by industry. These as well as other modeling approaches could prove to be fruitful areas of future research. 
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